Background: Along with the improvement of high throughput sequencing technologies, the genetics community is showing marked interest for the rare variants/common diseases hypothesis. While sequencing can still be prohibitive for large studies, commercially available genotyping arrays targeting rare variants prove to be a reasonable alternative. A technical challenge of array based methods is the task of deriving genotype classes (homozygous or heterozygous) by clustering intensity data points. The performance of clustering tools for common polymorphisms is well established, while their performance when conducted with a large proportion of rare variants (where data points are sparse for genotypes containing the rare allele) is less known. We have compared the performance of four clustering tools (GenCall, GenoSNP, optiCall and zCall) for the genotyping of over 10
Background
More than 13,500 genome-wide association studies (GWAS) of complex human diseases have been performed since 2008 [1] . The majority of GWAS were conducted using common single nucleotide polymorphism (SNP) arrays targeting markers that were identified from the *Correspondence: louis-philippe.lemieux.perreault@umontreal.ca; marie-pierre.dube@umontreal.cainternational HapMap project [2] [3] [4] . These studies are based on the assumption that common traits are driven by common low-penetrance polymorphisms with a frequency of more than one or five percent in the population [5] . A vast proportion of the heritability of complex traits remains unexplained [6] . However, advances in genomic technologies now allow for the search of rare variants of modest to intermediate penetrance [7] .
SNP arrays offer the possibility of rapid genotyping of thousands of samples with highly reliable results at low cost. Several commercial arrays now include a large fraction of rare single nucleotide variants (SNV) discovered by high-throughput sequencing technologies. The latter, http://www.biomedcentral.com/1471-2105/15/52 while still expensive compared to SNP arrays, allows for the discovery of all variants, rare and common, located in the genome of sequenced individuals. The Illumina HumanExome BeadChip provides a compromise between genotyping SNP arrays and next generation sequencing by enabling the genotyping of rare SNVs in thousands of samples at relatively low cost. The HumanExome BeadChip is enriched for rare and low frequency coding variations previously identified from the sequenced exomes of approximately 12,000 individuals of diverse populations for variations seen in more than two individuals and in more than two sequencing projects [8] . Compared to other genotyping platforms targeting millions of markers, the proportion of rare variants (minor allele frequency < 5%) included in the HumanExome BeadChip is considerably larger.
A recent review of clustering tools for widely used Illumina BeadChip arrays was presented by Ritchie et al. [9] . They reported that some tools performed marginally better than others for common and rare variants (lowest frequency around 0.05). The authors noted that methods borrowing information from other SNPs (e.g. withinsample information) to genotype rare variants could theoretically outperform reference-based methods, as these would suffer from the limited information available in the training sets for the homozygous and heterozygous clusters of rare alleles. Such within-sample methods are implemented in GenoSNP [10] . Some tools, such as M3 [11] and optiCall [12] , use a mixture of between-and within-sample approaches. Other tools, such as GenCall (available in the GenomeStudio software) [13] , rely on a reference cluster file to cluster marker genotypes one at a time. The zCall tool exclusively genotypes markers that have been previously "missed" by a another tool, and was also recently described [14] .
For this project, the performance of GenCall, GenoSNP, optiCall and zCall for clustering markers from the HumanExome BeadChip have been analysed and compared. With the growing interest of the community for studies with rare variants [5, 6, 15, 16] , this "head to head" comparison will provide guidance for study design, tool selection and results interpretation.
Methods

Clustering tools
Four clustering tools were compared: GenCall, part of the GenomeStudio software version V2011.1 [13] , GenoSNP version 1.3 [10] , optiCall version 0.3.3 [12] and zCall version 3.2 [14] . All four tools differ with respect to their genotype calling method.
GenCall (GenomeStudio)
GenCall is Illumina's proprietary tool and is available through the GenomeStudio software. For a complete description of this tool, refer to Ritchie et al. [9] . In brief, this tool uses the normalized microarray intensities for both alleles (noted X and Y ) to compute the associated polar coordinates (r and θ) for each marker/sample pair. Next, using a between-sample model, meaning that it calls one marker by looking at the population of samples, it assigns genotypes by determining the nearest cluster using a reference containing the expected position of each genotype cluster for every marker as determined from the HapMap data. If required, the user may modify the position of each of the expected clusters to be more representative of the data at hand. By pre-assigning the expected position of each cluster, this method can readily provide a genotyping assignation of rare variants for studies having only a small number of samples. However, due to experimental variabilities and genomic variations in different populations, the position of the observed cluster's centroid might shift when compared with the expected one. A considerable amount of manual cluster adjustments might be needed to achieve good genotype calls.
For this project, a custom cluster file was created by modifying the expected position of the genotype cluster's centroid for a subset of markers by using all samples from the dataset. The markers selected for manual inspection were: (1) markers with a high heterozygous frequency, (2) markers with a low mean intensity, (3) markers with a low call frequency, (4) markers with a low minor allele frequency with no heterozygous calls, (5) markers showing an excess of heterozygous calls, (6) markers with low AA T means or low BB T means a , (7) mitochondrial markers, (8) markers on sex chromosomes, (9) markers that fail reproducibility tests, (10) markers with a small cluster separation or (11) markers with low quality score. To compare the efficiency of this modified cluster file, the results from GenCall with the original cluster file were also included in the analysis.
GenoSNP
GenoSNP uses a within-sample model, meaning that it assigns genotypes to all markers of a single sample at once [10] . It uses raw X and Y allele intensities extracted using the GenomeStudio software and calls genotypes by fitting a four-components mixture of Student's tdistributions on different subsets of markers (separated by Bead Pools) by the mean of a Variational Bayes Expectation Maximization algorithm (VB-EM). The use of this method improves robustness by allowing uncertainty in the statistical model, in contrast to standard expectation maximisation methods. GenoSNP computes the posterior probability of the marker genotype calls. As this tool calls one sample at a time, it offers the flexibility of providing final sample genotyping results before the whole study dataset is ready to be processed. It can also be parallelized by running the tool on multiple samples at a time, and it http://www.biomedcentral.com/1471-2105/15/52 does not require a reference panel. It is generally expected that this tool would perform well with rare variants, as their genotypes will be clustered with higher frequency variants according to measured X and Y allele intensities (as opposed to between-sample methods, where rare variants are sparsely located in the heterozygous cluster).
To speed up the genotyping process, samples were called using GenoSNP as soon as they were released from the genotyping center. A posterior probability cutoff of 0.8 was used to achieve higher quality calls. To ascertain the quality of the results once all samples were genotyped, the mean and the median intensities of all calls for each sample were plotted.
optiCall
The optiCall tool uses a mixture of between-and withinsample models. It uses a subset of (X, Y ) intensities from random samples at a random marker to find a prior distribution to the statistical model used to call genotypes across markers. This distribution is inferred by using an EM algorithm to fit a four-class mixture of Student's t-distributions. The initial values used by the EM algorithm are obtained by using the kmeans++ algorithm [17] and the individual genotype's a priori probabilities are assumed to be uniform (0.25 for every cluster, including the outlier's cluster). Then, a second mixture of t-distributions is used for the between-sample clustering, where the previously estimated priors are used in a Maximum-A-Posteriori (MAP) estimate of its parameters.
To measure the quality of genotype calls, optiCall relies on deviation from the Hardy-Weinberg Equilibrium (HWE). The tool will try to improve the genotype calls when the HWE test fails (p < 5 × 10 −15 ) by fitting the previously described model without a prior.
zCall
This tool functions as a post-processing tool (after a default one has been used) [14] . The zCall tool separates the clusters for rare variants by partitioning the (X, Y ) intensity space using horizontal and vertical thresholds. Their positions are derived from the mean and variance of the homozygote clusters for common variants that were previously called and are scaled according to a z-score factor to optimize concordance with the default tool. Genotypes are then assigned with respect to their position relative to the z-score scaled coordinates. Accordingly, rare variants are called by defining a distance threshold. The homozygote threshold for the major allele is estimated from the first calling tool's genotypes, and the rare allele's threshold is estimated by linear regression from the means and standard deviations of X and Y intensities of common markers.
As recommended by the authors, zCall was used as a post-processing step after GenCall (GenomeStudio). Version 3.2 was used, where all z thresholds were derived from GenomeStudio's final report, from which samples were filtered out based on call rate and global heterozygosity. A z threshold of 8 was used after comparing the concordance with the original calls (maximum of 99.27%). Only missing genotypes from the original GenomeStudio report were recalled by zCall.
Dataset
The four tools were applied to a dataset consisting of 10,517 unique samples from the Montreal Heart Institute (MHI) Cohort. We also included 95 experimental replicates of NA17281, 15 replicates of NA17251 and 3 replicates of NA12763 from the Coriell Institute (the latter being sequenced by the 1000 Genomes Project [18] ). Finally, 93 and 40 MHI cohort samples were replicated 3 and 2 times, respectively. All 10,520 samples (10,856 including replicated ones) were genotyped using the Illumina HumanExome BeadChip, assessing 247,870 markers including 140 insertions/deletions (which were discarded from the present analysis). Some of these markers (214,599) are present in NHLBI GO Exome Sequencing Project (ESP) database [19] , and 93% of these are rare variants with a minor allele frequency (MAF) below 5% in the European American population according to the ESP database [19] . The research protocol was approved by the Montreal Heart Institute research ethics review board and all participants signed an informed consent.
Agreement between tools
We used Cohen's kappa (κ) and Fleiss' pi (π), two widely used statistics, to compute the extent of agreement between raters [20] , or in this case, genotype calling tools. Cohen's κ computes the extent of agreement between two tools by first computing the overall agreement probability (Equation 1), using a two-way contingency table (Additional file 1: Table S1 ), for the distribution of n samples by tools (rater) and genotype category, where n kl indicates the number of samples that tool 1 and 2 classified into genotypes k and l, respectively.
In a comparable contingency The data can be summarized in a frequency table  (Additional file 1: Table S2) , where, for a given sample i and genotype k, r ik represents the total number of tools that called genotype k for sample i. Fleiss' π is then defined by Equation 3 [21] .
The possible set of genotypes included the no call genotype, as all tools might agree that a marker is impossible to be categorized in either of the three genotype clusters (homozygous or heterozygous) due to quality issues (e.g. low intensity).
Error rates
Several methods for error rate estimation ( ) with pedigree data have been proposed and reviewed by Liu et al. for their use with unrelated samples [22] . The genotypic model (as defined in Equation 4) provides a proper estimation of the error rate and proposes different constraints on the parameter space in order to make the model parameters identifiable.
where
The genotypic model was tested by Liu et al. for common variants. However, we found that the possible values of were out of bounds (i.e. negative or above one) with the HumanExome BeadChip data where a majority of markers are rare. This can be explained by the proportion of the minor allele in the population, p 1 , which is almost null. For these cases, was approximated using
).
Results and discussion
Clustering quality GenoSNP
The GenoSNP tool returns the probability of belonging to one of the three genotype clusters (homozygous A, B or heterozygous AB) for each evaluated genotype. The maximal probability is used to define the genotype to be called. We observed a majority of samples with a high proportion of low quality calls (close to the 0.8 quality threshold used). Cluster plots were created for some of the poorly performing samples which raised concern about the calling quality ( Figure 1A and 1D) . Suspecting a lack of convergence, modifications to the tool were made to increase the number of iterations of the VB-EM procedure. This improved the quality of the clustering for some of the samples ( Figure 1B and 1E) . Further modifications to the initial X and Y intensities' variance parameter from 0.1 to 100 (in addition to the increased number of iterations) greatly improved the quality of the clustering tool ( Figure 1C and 1F) . To efficiently ascertain the effect of the optimized parameters on the calling quality, plots of the mean and the median of the maximal probability of each sample have been created (Figure 2A and 2B respectively) , showing a net increase of the probabilities. To further improve the comparison between the original GenoSNP and the modified version (300 iterations and an initial X and Y intensities' variance of 100), the two tools (original and optimized) were used for comparison with the other tools in this study.
zCall
According to Goldstein et al. [14] , the optimal value of the z threshold should be determined by trying different values of z to find the one with the most concordance to the original GenCall calls. Here, the optimal value of z was determined to be 8, having a concordance of 99.27% with the original data.
Missing rates
One important property of a calling tool is its capacity to assign a genotype to the majority of samples and markers (i.e. the calling rate, or inversely, the missing rate). The sample and marker missing rates of the six tools were compared ( Figure 3A and 3B respectively). The original version of GenoSNP had the highest missing rate (19% for both sample and marker). The optimized version of GenoSNP increased both the mean sample and marker calling rates by 18.5% (from 80.6% to 99.1%). These rates were inferior to those of the other tools: 99.6%, 99.8%, 99.6% and 99.9% for GenCall (original and optimized cluster file), optiCall and zCall, respectively. It is important to note that the missing rate of zCall is bound to be less than or equal to that of GenCall, as zCall will only call missing genotypes from the results produced by GenCall. Also, the missing rates of GenCall were slightly better when using the optimized cluster file when compared to the original one. A nonparametric Friedman Rank Sum test comparing tools showed a statistically significant difference in both sample and marker missing rates (p-value < 2.2 × 10 −16 in both cases), even though the rates seemed similar (Figure 3 ). Pairwise dependent-samples non-parametric sign tests comparing pairwise tools were also significant (p-value < 2.2 × 10 −16 in all cases). More specifically, 0.55-and 0.83-fold decreases, on average, were observed for sample and marker missing rates, respectively, when http://www.biomedcentral.com/1471-2105/15/52 comparing the original and the optimized cluster file for GenCall.
Precision estimates
The dataset contained a high number of technical replicates. The concordance of genotype calls between replicates was computed for the five tools (Figure 4) . The optimized version of GenoSNP increased concordance between sample duplicates from a mean of 95.361% to 99.912%, but did not exceed the performance of GenCall (means of 99.996% for both the original and the optimized cluster files). Even though zCall reduced the missing rate from a mean of 0.4% to 0.09%, it added variability in the newly called genotypes, slightly decreasing the concordance between replicated samples when compared with the original results (GenCall, original cluster file). Overall, the call concordance between replicates was similar (> 99% concordance). GenCall had the highest concordance rate with a mean of 99.997% between replicated sample pairs. Optimizing GenCall's cluster file had only a minor effect on the mean concordance, with a difference of 1.5 × 10 −3 %.
Accuracy estimates
One sample sequenced by the 1000 Genomes Project was included three times to the original dataset to assess the concordance with next-generation sequencing. The genotypes called from the different tools were compared to the third release of the 1000 Genomes Project, comprised of low coverage whole genome and high coverage exome sequencing data. The comparison with this gold standard was performed using the pyGenClean tool [23] . Since the majority of markers in the HumanExome BeadChip are located in exons, the results were mostly compared to the high coverage sequencing data (81.6% of the overlapping markers). Table 1 shows the concordance for the three replicates of NA12763. Apart from the original GenoSNP, all the tools had concordance rates greater than 99%. GenCall (optimized cluster file) had the highest concordance rate (mean of 99.897%), closely followed by zCall (mean of 99.879%). GenCall (original cluster file) also performed well, with a mean concordance of 99.855%. Then, calls were categorized according to their allele content: either (1) homozygous calls for the common allele or (2) involving the rare allele (heterozygous or homozygous calls for the rare allele). The frequencies were computed using the corresponding dataset (i.e. tool). Table 2 shows the concordance for the three replicates of NA12763 for genotypes called as homozygous for the common allele. Apart from the original GenoSNP on one replicate, all had concordance rates greater than 99%. GenCall (original cluster file) had the highest concordance rate (mean of 99.948%), closely followed by GenCall (optimized cluster file) and zCall (mean of 99.939% and 99.928% respectively). Table 3 summarizes the concordance rates with the gold standard for genotypes involving the rare allele. GenCall (optimized cluster file) had the highest concordance rate (mean of 99.493%), closely followed by zCall (mean of 99.405%).
The other tool had a lower concordance rate (i.e. between 95% and 97%).
Inter-tool agreement
To estimate tool agreement, three coefficients were computed: Cohen's κ and percent agreement (both shown in Figure 5 ), and Fleiss' π ( Figure 6 ). Since GenCall (using the optimized version of the cluster file) provided the best result set, its agreement with the other three tools (excluding the original version of GenoSNP) was considered ( Figure 5A and B). The best agreement was between GenCall and zCall, as expected due to the dependence of zCall on the results of GenCall. Both metrics showed a high number of outliers according to the interquartile range Call concordance and number of compared markers for the three control replicates when compared to the 1000 Genomes Project. The following six tools were compared: GenCall (original and optimized cluster files), GenoSNP (original and optimized), optiCall (without excluding markers failing Hardy-Weinberg) and zCall. dispersion b . To assess the overall agreement between the four tools (excluding GenCall using the original cluster file and the original version of GenoSNP), Fleiss' κ was computed ( Figure 6 ). The agreement was fairly good between the tools when comparing all markers (common and rare). There was a total of 12,122 outliers according to the interquartile range dispersion, a majority of which (91.3%) were rare variants (MAF < 1%, according to frequencies computed using GenCall results) and 5% were markers that were zeroed out while optimizing GenCall's cluster file. The proportion of rare variants (when compared to common or zeroed out ones) was significantly higher in the outlier group (Wald statistic, p < 0.001; logistic regression). Out of the approximately three thousands outlier markers that were comparable with the 1000 Genomes Project data, GenCall had the highest concordance for the three replicates of NA12763 (average of 98.925%), followed by zCall (average of 98.448%) (Additional file 1: Table S3 ).
Error rate estimates
Error rates were estimated by using the genotypic model (Liu et al. [22] ), where the six tools were evaluated ( Figure 7) . Except for the original version of GenoSNP, all tools showed a comparable estimated error rate mean (approximately 0.002). The zCall tool provided the lowest estimated error rate with a mean of 0.164%, followed by GenCall (optimized cluster file) with a mean of 0.166%. A non-parametric Friedman Rank Sum test comparing tools showed a significant difference in the error rate distributions (p-value < 2.2 × 10 −16 in both cases). Pairwise dependent-samples non-parametric sign tests comparing pairwise tools were also significant (p-value < 2.2 × 10 −16 in all cases).
Conclusions
This study compares the performance of widely used clustering tools when applied to genotyping data from Illumina's HumanExome BeadChip. This genotyping array includes a large proportion of rare variants that were previously identified by sequencing technologies. The dataset used here included 10,520 unique samples along with a high number of technical replicates for quality assessment. Contrary to our original expectations, GenoSNP, which relies on a within-sample model, did not perform well when used straight "out of the box". This might be explained by the high density of markers in each BeadPool, which is higher than for Illumina's Human 1M BeadChip (comprising an overall higher number of markers). The Call concordance and number of compared markers for the three control replicates when compared to the 1000 Genomes Project. For each dataset (i.e. tool), only genotypes called as homozygous of the common allele (according to the allele frequency computed using the corresponding dataset) were kept for analysis. The following six tools were compared: GenCall (original and optimized cluster files), GenoSNP (original and optimized), optiCall (without excluding markers failing Hardy-Weinberg) and zCall. http://www.biomedcentral.com/1471-2105/15/52 Call concordance and number of compared markers for the three control replicates when compared to the 1000 Genomes Project. For each dataset (i.e. tool), only genotypes called as heterozygous or homozygous of the rare allele (according to the allele frequency computed using the corresponding dataset) were kept for analysis. The following six tools were compared: GenCall (original and optimized cluster files), GenoSNP (original and optimized), optiCall (without excluding markers failing Hardy-Weinberg) and zCall.
latter was successfully tested by GenoSNP's authors. This problem was mostly obvious with cluster plots ( Figure 1 ) and with graphs showing the summarized quality of the calls per sample (Figure 2 ). The concordance of results from the original GenoSNP tool with the 1000 Genomes Project, however, remained high (mean of 87.87%). The optimized tool (modified initial variance and number of iterations) increased the concordance to a mean of 99.61%. The quality threshold of 0.8 provided a better separation of the three clusters, but increased the missing rate of both sample and marker (mean of 0.87%).
GenCall relies on a between-sample model that requires reference parameters to perform its clustering. As such, it is common practice to manually modify the reference cluster parameters to ensure the best quality of results when the population analyzed is different from the one used to generate the reference parameters. This task requires a significant amount of manual labor which increases with the number of samples and markers. Loading the raw data, normalizing and modifying the original cluster file took one person 5 work days, compared to only a few days to generate the intensity files for the other tools. When we compared the genotype results from GenCall using the original cluster file with the ones generated with the optimized cluster file, we saw only limited improvement in the overall concordance of genotype calls with those of the gold standard. When partitioning calls according to their allele content, we saw a limited decrease in the concordance of homozygous calls involving the common allele when compared with the gold standard, while the concordance of calls involving the rare allele improved by approximately 0.5%. A limited improvement in the concordance between technical replicates was observed. However, the optimization of the cluster file had a greater impact on the missing rate per sample and per loci (0.19% improvement in both cases).
According to normal quality control procedures, a filter to remove samples and markers with a missing rate greater than 2% is typically imposed prior to genetic analysis [23] . By optimizing the cluster file, an average of 2,963 markers (1.2%) per sample could be rescued by lowering the marker missing rate below the 2% quality threshold.
It should be noted that this study was limited by the lack of an independent gold standard for concordance analysis. GenCall's (and zCall's) concordance with the 1000 Genomes Project might be overestimated due to the nature of its reference parameters. Indeed, the reference cluster file was created by using estimated cluster position for each of the markers in the HapMap population. Hence, the sample NA12763 is expected to have a higher concordance value than samples from the Montreal Heart Institute Cohort owing to the CEU HapMap population. One possible way to overcome this limitation would be to sequence a few of our own cohort samples, however, Figure 7 Marker error rate distribution. Boxplots showing the marker error rate estimation for each the six tools: GenCall (original and optimized cluster files), GenoSNP (original and optimized), optiCall (without excluding markers failing Hardy-Weinberg) and zCall. The numbers at the top of the plot represent the mean of the error rate distribution and the red lines are the median of each distribution. Red dots represent the outliers according to the interquartile range. Values above 1/3 were discarded since it's not plausible to have such a large error rate in practice [22] . http://www.biomedcentral.com/1471-2105/15/52 genomic project with the HumanExome BeadChip. MPD supervised the project, participated in the design and coordination of the study, supervised the laboratory and revised the manuscript. All authors read and approved the final manuscript.
